Abstract Clinical pathway (CP) analysis plays an important role in health-care management in ensuring specialized, standardized, normalized and sophisticated therapy procedures for individual patients. Recently, with the rapid development of hospital information systems, a large volume of electronic medical records (EMRs) has been produced, which provides a comprehensive source for CP analysis. In this paper, we are concerned with the problem of utilizing the heterogeneous EMRs to assist CP analysis and improvement. More specifically, we develop a probabilistic topic model to link patient features and treatment behaviors together to mine treatment patterns hidden in EMRs. Discovered treatment patterns, as actionable knowledge representing the best practice for most patients in most time of their treatment processes, form the backbone of CPs, and can be exploited to help physicians better understand their specialty and learn from previous experiences for CP analysis and improvement. Experimental results on a real collection of 985 EMRs collected from a Chinese hospital show that the proposed approach can effectively identify meaningful treatment patterns from EMRs.
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Introduction
Clinical pathways (CPs) play an important role in clinical environments by delineating the optimal multidisciplinary treatment processes performed by a team of health-care professionals to achieve a specific treatment objective for a particular diagnosis or procedure (Cheah 2000; Lu et al. 2012; Gooch and Roudsari 2011; Yao and Kumar 2013) . Different from common business processes in commercial and industry environments, treatment processes are highly dynamic, context sensitive, event driven, and knowledge intensive such that they often bear no relation to the ideal as envisaged by the designers of CPs . Thus, CPs must be improved continuously Huang et al. 2013a Huang et al. , b, 2014 . In this regard, CP analysis is vital for health-care management due to its usefulness in capturing the actionable knowledge to administrate, automate, and schedule the best practice for individual patients in the execution of CPs (Huang et al. , 2013a (Huang et al. , b, 2014 .
Regarding CP analysis, one of the most important aspects is to infer essential/critical treatment behaviors conditioned on individual patient information for a particular pathway . We might be interested to know, for example, what treatment behaviors should be performed for an unstable angina patient with renal insufficiency. Should Percutaneous Coronary Intervention (PCI) be performed for patients with low-risk levels in the unstable angina pathway? etc. To ensure best practices in CPs, there are two challenges that need to be addressed: -What are typical patient conditions that commonly exist for patients who follow a particular CP? and -Which treatment behaviors are most appropriate, given the patient's specific conditions and the execution of the pathway? In this study, we represent patient conditions as latent categories of patient features that are likely to describe homogeneous patient statuses for a particular CP, and represent treatment behaviors as flexible, transparent, and re-usable pieces of functionality that consist of one or several treatment activities required to set up a clinical solution given specific patient conditions. Furthermore, we represent treatment patterns as a composition of both patient conditions and treatment behaviors, which are underlying in CPs, and form the backbone of CPs.
Note that a patient might have complex clinical condition in the pathway due to complications, comorbidity or infections, etc., which in turn leads to various treatment behaviors occurring during the pathway execution, and requires the pathway to be a mixture of latent treatment patterns. As a result, treatment patterns are composed of multidisciplinary treatment activities, and the composition of activities has a large variability depending on patient conditions (Rebuge and Ferreira 2012) .
Previously, it was difficult to perform CP analysis due to a lack of data that were sufficiently clinical. Recently, with the rapid development of hospital information systems, a large collection of electronic medical records (EMRs) has become available, which provides the opportunity to study medical cases, evidence and knowledge for CP analysis. In particular, various types of patient information (e.g., symptoms, vital signs, lab test results, etc.) and treatment interventions (e.g., medication, surgery, examination, etc.) are recorded in EMRs, which conceal an untapped reservoir of knowledge about particular treatments and the way these are applied for patients with specific conditions. It is therefore possible to mine EMRs, extract non-trivial treatment patterns from EMRs, and exploit these for helping physicians improve and optimize CPs, and make the practice better for the care of individual patients (Peleg 2013) .
The key objective in this study is to investigate how to discover latent treatment patterns from the abundant EMRs for the purpose of CP analysis and improvement. We see that an EMR contains heterogeneous clinical information for a patient (e.g., the patient demographics, laboratory tests results, radiological examination reports, etc.) and various treatment interventions (e.g., medications, surgeries, examinations, care activities, etc.) performed during the pathway execution. The different aspects of these types of information are highly correlated and physicians are very interested in the association patterns. While physicians may work through these problems based on their experiences, the emerging EMRs provide us with unique opportunities to learn from previous cases. Nontrivial knowledge can be extracted through mining underlying treatment patterns from a large volume of EMRs, and can be profitably exploited as a basis for further applications, including CP (re)design and optimization, clinical decision support, efficient medical service delivery and business management, etc (Cheah 2000; .
In this study, we propose to leverage the power of probabilistic topic models (1) to extract latent treatment patterns from EMRs, and (2) to enable the recognition of patient treatment processes as a composition of such patterns. Discovered treatment patterns consist of both prerequisite patient clinical information and subsequent treatment interventions, and their associations. The proposed approach allows us to infer a number of conditional probabilities for partial patient instances of CPs, e.g., the probabilities of particular treatment behaviors given the observations on patient conditions. The probability distribution derived from the proposed models can surmise the essential features of CPs such that the outcomes of our study can be potentially valuable for CP analysis and redesign. The proposed approach is evaluated on a collection containing 985 EMRs of unstable angina patients collected from the cardiology department of the Chinese PLA general hospital. As well a possible clinical application in terms of treatment recommendation in CPs is given to illustrate the effectiveness of the proposed approach.
The remainder of the paper is organized as follows. Section 2 outlines related work. Section 3 presents preliminary knowledge of the proposed approach. Section 4 describes the proposed approach for discovering underlying treatment patterns from EMRs. Section 5 presents our experimental results. Section 6 provides an outlook on how the presented approach contributes to CP analysis and improvement. Finally, some conclusions are given in Sect. 7.
Related work
CPs have been recognized as a tool to break functional boundaries and offer an explicit process-oriented view of health-care where the efficient collaboration and coordination of physicians become the crucial issue (Quaglini et al. 2001; Lenz and Reichert 2007; Hunter and Segrott 2008; Weiland 1997; Uzark 2003; Loeb et al. 2006; Zand et al. 2008; . To increase the quality of care services in an unfavorable economic scenario and under the financial pressure by governments, health-care organizations have to introduce clearly defined CPs for patients, and these pathways must be improved continuously (Wakamiya and Yamauchi 2009; Lenz and Reichert 2007; Dunn et al. 2011; Lu et al. 2012; Gooch and Roudsari 2011) . Since actual treatment activities are extremely complex, with numerous variations across various stages in CPs, they often bear no relation to the ideal as envisaged by the designers of CPs. To this end, CP analysis is nonetheless vital for health-care management due to its usefulness for capturing the actionable knowledge to administrate, automate, and schedule the best practice for individual patients in the executions of CPs (Elson et al. 1997; Lin et al. 2001; Rebuge and Ferreira 2012; Huang et al. , 2013a .
CP analysis is receiving increasing attention in the field of health-care management (Huang et al. 2013a, b) . There have been a large number of studies on CP analysis. For instance, Renholm et al.'s (2002) review of the literature suggested that the use of CPs reduces the cost of care and the length of stay (LOS), and has a positive impact on outcomes (e.g., increased quality of care and patient satisfaction, improved continuity of information, and patient education, etc.). Thomas et al. (2008) performed a systematic review on the effect of using CPs on LOS , hospital costs and patient outcomes. Dy et al. (2005) analyzed 26 surgical critical pathways in a tertiary care center, and their study indicated that CPs' effectiveness in reducing LOS tends to be for procedures with lower patient severity of illness. As valuable as these work are, many of them analyze CPs from an external perspective of CPs, e.g., LOS, mortality, and infection rate, etc (Lin et al. 2001) . As a matter of fact, CPs are evolving with the rapid development of medical technologies. While health-care organizations typically have an simplified and incorrect view of the actual situations in CPs Huang et al. , 2011 , efficient analysis should help them keep tracing essential/critical treatment behaviors of the pathway, and extract potential information, which may substantially improve CPs (Peleg et al. 2012) . In this regard, it is necessary to provide insights into CPs at a very refined level Rebuge and Ferreira 2012) .
There has been work from the business process management community on analyzing CPs (Rebuge and Ferreira 2012; Lenz and Reichert 2007) . In particular, process mining (Agrawal et al. 1998; Cook and Wolf 1998) , as a general method in business process analysis, has been used to analyze CPs (Huang et al. , 2013a Rebuge and Ferreira 2012; Lin et al. 2001) . Process mining techniques allow a more "intelligent" kind of analysis by executing data mining algorithms on the warehouse data in order to automatically construct process models explaining the behavior observed from the data. Shifting to the clinical environment, process mining techniques can measure treatment behavior from EMRs, which regularly record CPs' execution information. Note that, with a rigorous mathematical logic and reasoning ability, process mining can be an objective way of analyzing CPs (Rebuge and Ferreira 2012) . For instance, Lang et al. (2008) presented their study on the process mining based analysis of the radiology workflow at the clinic of traditional Business Process Analysis (BPA) in the Erlangen University Clinic, in Germany. Mans et al., applied process mining to discover how stroke patients are treated in patient careflow (Mans et al. 2008 ). Rebuge and Ferreira (2012) presented a systematic methodology for using process mining techniques to support health-care process analysis. Bouarfa and Dankelman proposed a process mining algorithm to derive a consensus model from multiple clinical activity logs, based on which CP outliers can be detected automatically and without prior knowledge from clinical experts (Bouarfa and Dankelman 2012) . Work that is closely related to ours is presented in 2013, in which Lakshmanan et al., present a hybrid approach for mining CPs correlated with patient outcomes that involves a combination of clustering, process mining and frequent pattern mining. In particular, their work takes clinical outcome into account in the mining process, and thus could facilitate the improvement of existing CPs. However, the patient-specific information is not included in CP mining in their study.
In our previous work , we developed a new process mining algorithm to discover treatment behavior patterns from clinical data such that it can reveal what critical clinical activities are performed and in what order, and provide comprehensive knowledge about quantified temporal orders of clinical activities in CPs. In Huang et al. (2013b) , we presented an approach to provide a concise and comprehensive summary of CP by segmenting the observed time period of the pathway into continuous and overlapping time intervals, and discovered frequent treatment behaviors in each specific time interval from a clinical event log. In , we proposed a CP-anomaly detection model to classify a particular patient CP instance to one of the various patient instance clusters of CPs such that anomalous treatment behaviors can be detected in a timely manner and explained clearly with respect to its membership cluster in a maximally-informative manner.
In clinical settings, the complexity and diversity of treatment behaviors in CPs are far higher than that of common business processes (Rebuge and Ferreira 2012; Lenz and Reichert 2007) . Although most process mining algorithms can discover business process models in a structured manner (Huang et al. 2013a , the assumption that the processes take place in a structured fashion is not valid for CPs. CPs are typical human-centric processes, and always take place in an unstructured fashion. In clinical practice, many treatment behaviors can occur arbitrarily without a particular order. Bringing order to the chaos of CPs probably requires a different mining strategy rather than existing process mining algorithms.
To this end, we previously employed Latent Dirichlet Allocation (LDA) to discover treatment patterns as a probabilistic combination of treatment activities (Huang et al. 2013a . The probability distribution derived from LDA surmises the essential features of treatment patterns, and CPs can be accurately described by combining different classes of distributions such that similarities of pairwise patient instances of CP can be measured based on their underlying behavioral topical features. This also provides a basis for further applications in CP analysis, e.g., patient instance retrieval, clustering, and anomaly detection, etc . In this paper, we significantly extend our initial work by explicitly incorporating patient-related information into probabilistic topic models to model underlying treatment patterns, which is quite beneficial for CP analysis.
It is worth noting that physicians always refer to patient conditions to work out a patient's status in clinical practice. They then give their diagnosis, on which they base their treatments for the patient during the patient's CP. In general, patients who have the same conditions will be treated with similar treatment behaviors, i.e., patients are given some common medications, medical procedures, etc., while taking some account of known individual specific details, e.g., drug allergies. Using probabilistic topic models, not only can prerequisite patient conditions and subsequent treatment behaviors be discovered from the heterogeneous medical records, but also their associations can be revealed, and thus it has the potential to help physicians learn from previous cases and assist CP analysis and improvement.
Preliminaries
Here we introduce our notations and terminologies for the proposed approach. After observing the patient's condition, physicians will make a diagnosis and perform the corresponding treatment behaviors on the patient. In this study, we assume that treatment behaviors are a set of clinical events performed on a particular patient during the execution of his/her CP. 
Method
In this study, we propose a novel approach for extracting latent treatment patterns from EMRs. In particular, we extend our previous work to propose a new model called treatment pattern model (TPM) . Figure 1b shows the graphical model for mining latent treatment patterns from EMRs. The graphical model represents dependencies among variables. The shaded and unshaded nodes indicate observed and latent variables respectively. The plate indicates replicates, and the value in the plate indicates the number of replicates. For comparison, we represent a graphical model of the standard topic model, i.e., latent Dirichlet allocation in Fig. 1a .
In Fig. 1b , the proposed TPM can figure out patient conditions that are influenced by both patient features, e.g., patient symptoms, lab tests results, and vital signs, etc., and their values. In general, patient conditions are latent and unobservable. Even for patients with the same disease, they may have different conditions. For example, patients whose first diagnosis is unstable angina may have different conditions due to their individual risk levels (i.e., low-risk, medium-risk, and high-risk scores, etc.).
The generative process for measured patient features is the same as that of standard topic models. Each EMR d in D has treatment pattern proportions θ d that are sampled from a Dirichlet distribution with prior α. θ d stands for the probability of assigning a treatment pattern z to a clinical word generated from patient medical record d. As we mentioned above, clinical words are either pairs of patient features and their values, or clinical events. For each of the N e d clinical event, the generative process is similar to the approach proposed in our previous work (Huang et al. , 2013a , i.e., a treatment pattern z is associated with a multinomial distribution φ z over the activity type a of a clinical event e, and a multinomial distribution ξ z,a over the occurring time stamp of e for pattern z. 2 For each of the N f d patient features, a treatment pattern z is chosen from the treatment pattern proportions, and then patient feature f is sampled from a treatment pattern-specific multinomial distribution ψ z .
1 Note that clinical events could be characterized by various properties, e.g., an event has an occurring time stamp, it corresponds to a treatment activity type, and has associated costs, etc. We do not impose a specific set of properties, however, given the focus of this paper, we assume that the activity type and occurring time stamp of the event are present. 2 Note that CPs, as standardized inpatient treatment processes, are executed in specific time periods from admission to discharge. During the execution of CPs, treatments of a pathway should be performed in specific time instants. Taking the unstable angina pathway as an example, typical treatment activities, such as lab test, ECG examination, etc., have to be performed in the first days after admission, and PCI surgery have to be performed subsequently, etc. Thus, the occurring time stamps are partially determined by the treatment activities. Treatment activities in the dth patient medical record
The occurring time stamps of treatment activities in the dth patient medical record 
There are, in total, Z × F prior distributions of patient feature-value pairs, which follow a Dirichlet distribution with prior ι. For numerical patient features, each treatment pattern has its own value distribution for each numerical patient feature, which is assumed to be a Normal distribution,
To this end, we adopted an approach proposed in Iwata and Sawada (2013) to process numerical patient features. In particular, we set different means and variations of a feature's value depending on the treatment pattern z, and then we can analyze the value of a numerical patient feature and its range that are specific to z. The mean μ z,i and the precision λ z,i are sampled respectively from Normal distributions, which are conjugate priors μ 0 and λ 0 of a Normal distribution. After treatment pattern z d,i and patient feature f d,i are sampled, its value v d,i is determined using
). In summary, the proposed TPM assumes the following generative process for the collection of EMRs D: Fig. 1 Graphical model representation of the proposed topic models for mining latent treatment patterns. Z , F, and A denote variables "treatment patterns", "patient features", and "treatment activities" respectively. θ , φ, ξ , ϕ, δ, μ, and λ are distributions of treatment patterns over EMRs, treatment activities over patterns, the occurring time stamps of treatment activities over patterns, patient features over treatment patterns, the values of categorical features over treatment patterns, the mean values of numerical features over treatment patterns, and the precisions of numerical features over treatment patterns, respectively. w represents clinical words which are either a pair of patient feature f and its value v or a clinical event e (a pair of treatment activity a and its occurring time stamp t). N d represents the number of the occurrences of clinical words for one EMR d. D represents the number of EMRs in the collected data set. The hyperparameters α, β, γ , η, ι, g, k, x, y control dispersions of treatment patterns, activities and their occurring time stamps, patient features, values for categorical features, values' means for numerical features, and values' precisions for numerical features, respectively 1. For each treatment pattern z = 1, . . . , Z , draw patient feature probability ψ z ∼ Dirichlet(η), draw treatment activity probability φ z ∼ Dirichlet(β); 2. For each clinical word w and each treatment pattern z (a) If w is a categorical feature f , draw patient feature's value probability 
Note that we assume that θ d , φ z , ξ z,a , ψ z , and δ z, f have a symmetric Dirichlet prior with hyper parameters α, β, and γ , respectively, in this study.
Under this generative process, each treatment pattern is drawn independently when conditioned on Θ, each patient feature is drawn independently when conditioned on Ψ and z, each patient categorical feature's value is drawn independently when conditioned on Δ, z and f, each patient numerical feature's value is drawn independently when conditioned on g, k, x, y, z and f, each treatment activity is drawn independently when conditioned on Φ and z, and each treatment activity's occurring time stamp is drawn independently when conditioned on Ξ , z and a. The joint distribution of patient features f and their values v, treatment activities a and their occurring time stamps t, and latent treatment patterns z is described as follows:
where x = {x i } F i=1 and y = {y i } F i=1 are shape and inverse scale parameters of Gamma distributions for each numerical patient feature f i , respectively, and g = {g i } F i=1 and k = {k i } F i=1 are mean and precision parameters of Gaussian distributions for each patient feature f i , respectively.
Regarding Eq. 1, we can integrate out multinomial parameters in the first and second factors by using Dirichlet distributions. For P(z|α), we have:
where Γ (·) is the gamma function, C z,d is the count of observing that patient medical record d is assigned to the treatment pattern z, and * denotes the summing operation at the corresponding index, e.g.,
where C z, f is the count of observing that patient feature f is assigned to z, and * denotes the summing operation at the corresponding index, e.g., C z, * = F f =1 C z, f . For the third factor P(v|f, z, ι, g, k, x, y), we have:
: f is a categorical feature
where V z, f is the size of value set of patient feature f which is assigned to the treatment pattern z, C z, f,v is the count of observing that f and its categorical value v is assigned to p, and * denotes the summing operation at the corresponding index,
Note that, for numerical patient feature f and its value v, g z, f and k z, f are hyperparameters of posterior distributions for mean μ z, f , x z, f and y z, f are hyperparameters of posterior distributions for precision λ z, f . They are given as follows (Iwata and Sawada 2013) :
where V z, f is the set of values of patient feature f which is assigned to treatment pattern z. For P(a|z, β), we have:
where C z,a is the count of observing that activity a is assigned to treatment pattern z, and * denotes the summing operation at the corresponding index, e.g., C z, * = A a=1 C z,a . For P(t|z, a, γ ), we have:
where C z,a,t is the count of observing that activity a occurring at time stamp t is assigned to pattern z, and * denotes the summing operation at the corresponding index, e.g., C z,a, * = T t=1 C z,a,t . Our objective is to derive the conditional Gibbs distribution P(z d,i = z|z (4), (9) and (10) into Eq. (1), and using symmetric Dirichlet distribution, we obtain the conditional Gibbs distribution as follows:
: i is a patient feature (11) where (·) −i represents the count or hyperparameter when excluding sample i. The hyperparameters of Gaussian-Gamma distributions excluding sample i are calculated using Eqs. (12)- (15) as suggested in Iwata and Sawada (2013) . In all cases, the current sampling position i is always excluded during counting. Details of the derivation are in Appendix.
Consider Eq. (11), which computes a probability of a certain treatment pattern for the present clinical word i (i.e., either a patient feature with its value or a clinical event) observed in EMR d.
and ξ z,a,t using sampled latent treatment patterns z as follows:
With all the parameters derived above, we can apply the proposed TPM to various applications. For example, we can use the estimated treatment pattern proportions
to describe a particular patient CP instance, including both the patient condition and treatment behaviors given that condition. We can use
to analyze the characteristics of patient condition w.r.t pattern z. As well, associations between patient condition and treatment behaviors can be revealed using the estimated treatment pattern proportions. It can assist to estimate the probability of a treatment activity a, and its occurring time stamp t given a particular patient by integrating out the latent treatment patterns z, i.e., P(a, t|d) = Z z=1θ d,zφz,aξz,a,t . Etc.
Experiments and results
In this section, we present experimental results on a real collection of EMRs of unstable angina patients to evaluate the efficiency and effectiveness of the proposed approach.
Experimental setup
The experimental data were collected from the cardiology department at the Chinese PLA General hospital. The CP of unstable angina was selected in this case study. Unstable angina is a kind of chest discomfort or pain that occurs in a continuous and unpredictable way. The cause of angina is commonly poor blood flow in the coronary vessels caused by atherosclerosis and a lack of oxygen supply to the myocardium. The unstable pain can result from the disruption of an atherosclerotic plaque in narrowed coronary vessels with lessened flexibility, embolization and vasospasm. The symptoms for unstable angina range from exertional stable angina, to acute myocardium infarction and sudden death. While the risk of unstable angina is high, the population of unstable angina is huge, especially for elderly people and those with associated diseases such as hypertension and diabetes (Writing Committee Members 2012; Dong et al. 2014) . Thus, the discovery of underlying patterns in the unstable angina CP will be of significant value and interest. Any discovered patterns could provide the user with explicit suggestions for treatment actions to influence medical behaviors for the patient's benefit.
In this case study, 985 patient medical records following the unstable angina CP were selected from the Department of Cardiology to demonstrate the ability of the proposed method in discovering latent patterns of the unstable angina CP. These patient medical records have 79 patient features, and 62,047 clinical events within 320 treatment activity types. All experiments were performed on a Lenevo Compatible PC with an Intel Pentium IV CPU 2.8 GHz, 4G byte main memory running on Microsoft Windows 7. The algorithms were implemented using Microsoft C#.
The case study was performed in the Cardiology Department at the Chinese PLA General hospital. Prior approval was obtained from the data protection committee of the hospital to conduct the study. We state that the patient data was anonymized in this study and in this paper.
Treatment pattern discovery
An input required for the proposed model is the number of topics to be discovered, i.e., the number of treatment patterns. In the case study, we use a common measure on the ability of a model to generalize to unseen data, i.e., perplexity, for this model selection task.
Perplexity is defined as the reciprocal geometrical mean of the likelihood of a test corpus given a model. The perplexity score has been widely used in LDA to determine the number of topics, which is a standard measure to evaluate the prediction power of a probabilistic model suggested in the literature (Blei et al. March 2003; Griffiths 2004; Wang et al. 2007; Rosen-Zvi et al. 2004) . It is defined as the reciprocal geometric mean of the likelihood of a collection of EMRs given TPM, Regarding latent treatment pattern discovery by the proposed TPM, we set Dirichlet prior α, β, γ , η, and ι of TPM as 0.1, 0.01, 0.01, 0.01 and 0.01, respectively, which are common settings in the literature (Blei et al. March 2003; Griffiths 2004) . For numerical patient features, we used g f =μ f , k f = 1, x f = 1 and y f = 1 +σ 2 f , whereμ f andσ 2 f are the empirical mean and variance of the value of patient feature f . The number of iterations of the Markov chain for Gibbs sampling is set to 1,000. Note that Gibbs sampling usually converges before 1,000 iterations for the collected log. Figure 2 shows the perplexity curve with respect to the number of treatment patterns, using the proposed TMP. The lower the perplexity, the better the derived model fits with the collected data-set. In general, the model perplexity decreases with the number of pattern increases. On the other hand, if the number of patterns is larger, the derived model may over-explain the data-set, and it requires more sampling computation and storage as well (Phung et al. 2009 ). Thus, it needs to choose a balance between simplicity of the model and the degree of fitness.
To select the appropriate number of treatment patterns, we examined the discovered patterns by TPM with different value of Z by a simple way; that is, if the reducing ratio of perplexity is less than τ , we do not select a larger Z . In practice, we set τ to be 3 % according to experiment analysis. In this study, we empirically choose the number of patterns Z = 3 for the experimental data set, where the perplexity seems to decrease rapidly and appear to settle down. Fig. 2 Choosing number of treatment patterns using perplexity for the unstable angina data-set For a discovered treatment pattern z, we looked at those clinical words which were assigned to z, with high probability. In the experiments, we selected a set of representative patient features { f |∀z ∈ Z , P( f |z) > 0.001} and treatment activities {a|∀z ∈ Z , P(a|z) > 0.01} to represent the discovered patterns. Table 2 visualizes patient features and their values for discovered treatment patterns with the number of patterns set to 3. From the discovered treatment patterns, we can also see that different patterns might result in different patient features and values. For example, the average value of age in treatment pattern 1 is 68.885, and that in treatment pattern 2 is 75.216. We can determine this from the value range of patient features.
In addition, the discovered treatment patterns show the latent correlations between patient features, from which we can find some interesting phenomena. In fact, all three patterns show that there exist latent correlations between unstable angina and Hypertension, which indicates that there is a large probability for patients with unstable angina to have the complication Hypertension at the same time.
To offer a deeper understanding on treatment pattern discovery, Figs. 3, 4, and 5 show the top 50 treatment activities and their occurring time stamps for the discovered patterns (ranked by φ z,a ). Clearly, therefore, different treatment behaviors exist for different patient conditions. A closer analysis shows that pattern 1 contains typical treatment behaviors (e.g., 'Coronary angiography', 'Stent placement', 'PTCA', etc.) for unstable angina. There is little variation occurred and common treatment activities are carried out smoothly. In clinical practice, patients who follow this dominant pattern have shorter LOS (on average 13 days) than others, and almost all physical examinations (e.g., 'CT', 'Routine blood test', etc.) are performed on the first days after admission. Pattern 2 contains typical conservative treatments of unstable angina. In clinical practice, patients who follow treatment pattern 2 have either low risks or specific physical problems, e.g., coronary stenosis such that they prefer conservative treatments instead of PCI surgery. In general, the LOS of patients who follow "Pattern 2" is greater than 13 days. Moreover, it is interesting to see that "Pattern 3", as shown in Fig. 5 , has captured typical treatment behaviors of unstable angina patients who have more complex conditions than others such that many complications can be found in this pattern, e.g., hypertension, diabetes, insufficient kidney, etc. Note that this variant pattern is a bit normal in the unstable angina CP (4 % patient in the collected EMRs). Some of the patients who follow this pattern were transferred to the Cardiovascular Surgery Department to take 'Coronary Artery Bypass Grafting' (CABG), which was not generated for the other patterns. It should be mentioned that we found that most Patient condition of each pattern is depicted by a set of most related patient feature-value pairs, and their probabilities
Fig. 3
Typical treatment behaviors of the discovered pattern 1 from the unstable angina EMRs
Fig. 4
Typical treatment behaviors of the discovered pattern 2 from the unstable angina EMRs
Fig. 5
Typical treatment behaviors of the discovered pattern 3 from the unstable angina EMRs patients who follow "Pattern 3" also take "Pattern 1" or "Pattern 2" as well. Typically, they are best represented as a mixture of treatment patterns. Figure 6a shows the TIMI risk scores of patients of each cluster. TIMI risk score (Antman et al. 2000 ) is a simple prognostication scheme that categorizes a patient's risk of death and ischemic events such that it indicates patient demographics implicitly. From Fig. 6a , we find that patients in cluster 3 have the highest TIMI risk scores. As shown in Table 2 , most of the indicators for TIMI score calculation are observed in the patient feature list of treatment pattern 3, such as the average age of patients (i.e., 78.542, which is larger than 65), history of CHD, cardiac insufficiency, hypertension, diabetes, and hypercholesterolemia, etc. In comparison, few risk indicators can be found in treatment pattern 1, of which patients have smaller TIMI risk scores than other patterns. It also confirms our assumption that the discovered treatment patterns can reveal the actual patients' conditions and provide a basis for therapeutic decision making. Figure 6b shows the gender distribution for the discovered patterns. It seems that male patients are more likely to have unstable angina than female patients in all three patterns. It is quite a surprise since most literatures indicate that female patients have more risks for unstable angina than do male patients (Writing Committee Members 2012). We will investigate this finding using a larger volume of EMRs in our future work. Furthermore, Fig. 6c and d show that patients with treatment pattern 3 are older than others, and have larger LOS than others. As shown in Fig. 6a , patients with treatment pattern 3 have higher TIMI risk scores than others. It, therefore, indicates that high-risk patients may be older and have larger LOS than low-risk patients.
In many real cases, patients probably follow more than one pattern, i.e., they are typically a mixture of treatment patterns. To this end, we further studied the impact of treatment pattern combinations on patient conditions. Figure 7a shows the curve of the number of patients who follow 1-3 patterns, which indicates that the patient population declines with the size of pattern combinations increasing. In other words, the patient population with more patterns is smaller than the one with fewer. Figure 7b shows the TIMI risk score curve changing with the size of treatment pattern combinations, and demonstrates that the TIMI risk score has an obvious growth trend when the number of patterns increases. Thus, we conclude that the high-risk patients are likely to follow more treatment patterns simultaneously than low-risk patients. Figure 7c shows the average LOS curve changing with the size of pattern combinations, and demonstrates that the average LOS increases as the size of pattern combination increases. Table 3 lists the top-ranked treatment activities of 3 patterns learned by the standard LDA topic model with the same setting of pattern numbers. It is easy to find that the learned patterns not only enumerate regular treatment behaviors that are expected to occur in CPs, but also disclose the correlations between patient-specific information and treatment behaviors. Thus, the proposed TPM is more effective in discovering one or more patient condition-dependent treatment patterns from EMRs.
Treatment pattern analysis w.r.t clinical outcomes
As stated earlier, the proposed TPM provides a basis for further CP analysis tasks. In this subsection, we set out to answer an interesting question using the proposed TPM, i.e., how do the treatment patterns discovered characterize the set of patients and lead to specific clinical outcomes in CPs? To this end, we propose a Bayesian model, as shown in Fig. 8 , to derive the correlations between the discovered treatment patterns and multiple clinical outcomes. This differs from previous approaches in that each time the model focuses on finding patterns correlated to one outcome label only ), the proposed model uses all EMRs and finds the patterns that are (c d ⊆ C) , including a vast range of descriptions on patient health states (e.g., mortality, transfer, or normal discharge, etc.), physiologic measures (e.g., heart attack, etc.), and patient-reported health states (e.g., Length of stay in 7 days, readmission in one month, etc.). For clinical outcomes, ω denotes the C × Z matrix of clinical outcome-treatment pattern distributions, with a multinomial distribution over C outcome classes for each of Z treatment patterns drawn independently from a Dirichlet(ζ ) prior. After generating all EMRs D by the proposed TPM, the posterior distribution for θ d is further used to generate clinical outcomes as follows:
For each clinical outcome c, the following conditional posterior distribution is used
where M z,c is the number of times treatment pattern z is assigned to a clinical outcome c, and M z, * is the pattern-outcome sum.
In the experiments, we set out 10 clinical outcome variables, based on the suggestions of clinical experts, to investigate the patient benefits from the pathway. Each EMR in the collection can be categorized into one or several classes using these labels. As shown in Table 4 , the representative samples of clinical outcomes are generated by TPM. The probability of clinical outcomes conditioned on each treatment pattern is estimated by Eq. (24).
The results shown in Table 4 indicate that the proposed TPM can be exploited to find the correlations between latent treatment patterns and specific clinical outcomes. For example, patients who follow the treatment pattern-1 may have less than 7 days of LOS, and may be normal discharged. In general, patients who follow pattern-1 have higher probabilities to be readmitted after six months or without readmission (0. 333) than in one month (0. 003) or in six months (0.006). In addition, Table 4 shows that our model can distinguish the patterns evoking strong clinical outcomes from background treatment patterns. For example, pattern-1 and pattern-3 trigger different clinical outcomes, such as different LOS (i.e., "LOS > 28 days", and "LOS ≤ 7 days"), and different discharge states (i.e., "Normal discharge" and "Transfer"). Furthermore, treatment patterns may result in multiple typical clinical outcomes. For example, "LOS > 28 days" and "Transfer" are highly correlated for the pattern-3. Last but not the least, our model can discover some rare but interesting findings from clinical outcome samples. For example, as shown in Table 4 , LOS of patients who follow the treatment pattern-1 and pattern-2 are generally less than 14 days. It is not surprised since both patterns are generally applied to low-risk patients, as indicated in Fig. 6 , who are expected to have small LOS. However, there are few patients who follow pattern-1 and pattern-2 readmit to the hospital in six months (0.006 and 0.026, respectively). It indicates that the treatments for these patients do not achieve the expected quality in CPs. Clinical experts may have interests in analyzing the demographics of these patients, and investigating if it is appropriate to perform the treatment behaviors of the patterns on these patients, so as to adjust and optimize the pathway.
As we mentioned above, an important parameter to the proposed TPM is the number of latent treatment patterns, which indicates how many aspects of EMRs can be derived. 
Then, accuracy is computed through dividing the number of correctly predicted clinical outcomes by the total number of outcomes obtained in EMRs, i.e.,
To calculate Accuracy, we split the experimental dataset into a training set and a testing set, and evaluate the performance by 5-fold cross-validation. In addition, we take clinical outcomes as multi labels, and employ three widely-used multi-label classification algorithms (Tsoumakas and Katakis 2007) , i.e., Binary Relevance (BR), RAndom k-labELsets (RAKEL) and Multi-label k-nearest neighbors (ML-kNN), for comparison. 3 The results are shown in Fig. 9 . The experimental results show that the performance of the proposed TPM-based method converges with a relatively small number of treatment patterns. The average accuracy of our method is 86.08 %, and the standard deviation of the accuracy is 0.024, indicating that the performance of the proposed method is quite stable, in particular, when the number of treatment patterns is larger than 3. It is consistent with the experimental conclusion in the view of perplexity.
In addition, the proposed method always outperforms the baseline BR, RAkEL, and ML-kNN. Note that BR, RAkEL, ML-kNN are discriminative models, and the performances of BR, RAkEL, ML-kNN is to classify EMRs regarding their clinical outcomes. On the other hand, the proposed TPM-based method, as a typical generative method, can not only classify EMRs with respect to their clinical outcomes, but also reveal the details of underlying treatment patterns for CPs. The proposed approach can not only provide a basis for further CP analysis but also be utilized to support clinical decision-making. In this subsection, we present a promising application of the proposed TPM, i.e., a treatment recommendation service, which can be used to guide physicians in CPs by providing recommendations on possible next steps based on the measurement of the target patient conditions and medical knowledge from completed clinical cases.
As illustrated above, the probability of a treatment activity a given a particular patient by integrating out the latent treatment patterns z, i.e.,
Based on Eq. (26), we can test the performance of treatment recommendation of our model quantitatively. To this end, we randomly selected 100 EMRs as a testing data-set and used the rest records to train the model. W.r.t the ground-truth, we asked three experienced physicians in the Cardiology department of the Chinese PLA General hospital to select the top-10 and -50 most important types of treatment activities from the test EMRs adopting a majority voting. 4 Then, we checked the consistency of the possible treatment interventions suggested by our model with the ground-truth. More specifically, we recommended the top 10 and 50 types of treatment activities for each test piece of EMR and checked if these are actually equal with ones in the top 10 or 50 types of treatment activities ranked by physicians. In this sense, we utilize two measurements which are "mean precision at top 10", and "mean precision at top 50".
In comparison with our model, a K-nearest neighbor (kNN) model was employed by using the weighted combination of treatment interventions of the k (k = 10 in this study) nearest neighbors as the suggested treatments. In addition, the standard LDA (Huang et al. 2013a) , and an extension of LDA proposed in our previous work, i.e., CPM , were employed. Table 5 shows the experimental results.
As we can see from Table 5 , the LDA-based models outperform kNN significantly in terms of treatment recommendations. In addition, TPM achieves the best performance among the three LDA-based models, which indicates that the effectiveness of treatment recommendations can be significantly improved if the patient-specific information is incorporated into the model.
Proof-of-concept prototype
We have implemented a system prototype using Microsoft C# and ASP.net, which provides web services, including upload of EMRs and treatment pattern analysis using EMRs. The proposed TPM has been implemented in the prototype. Some basic information of patient traces in a selected EMR such as patient ID, department, LOS, etc., are shown in Fig. 10a , while the screen-shot of the probability distributions of the derived patterns for a selected EMR shows on Fig. 10b . The generated patterns indicate the actual patient condition and treatment behaviors being applied given that condition. Figure 10c depicts a screen-shot of the probability distributions of treatment activities and their occurring time stamps for a particular treatment pattern. Users can observe the derived pattern from different angles by adjusting the display parameters shown on the setting panel in the bottom of Fig. 10c .
Discussion
The experimental results demonstrate the effectiveness of our approach and the potential of using the discovered knowledge for CP analysis and improvement. The benefits are listed relating to the following aspects: -The discovered treatment patterns have been evaluated by clinical experts from Chinese PLA general hospital, who indicate that the mining results of our approach:
(1) disclose the correlations between patient conditions and treatment activities; (2) allow treatment activities to be clearly spread along the time-line of CPs with specific occurring probabilities; and (3) let a treatment pattern enumerate regular treatment behaviors that are expected to occur in CPs, which serve as checkpoints for the performance of CPs. In general, physicians from the hospital are satisfied with the mined results. The evaluations received indicate that the proposed approach has the ability to find a clear characterization of possible treatment patterns for particular diseases. -The discovered treatment patterns form the backbone of CPs, and thus can be utilized to support CP redesign and improvement. On the one hand, antecedent patient conditions of the discovered patterns provide domain-specific information to find out the exact meanings of these patterns. On the other hand, subsequent treatment behaviors of discovered patterns demonstrate that, according to different patient conditions the treatment behaviors are different. Thus, they provide useful insights into the pathway, and can hence be straightforwardly included explicitly as background knowledge for further analytical objectives. Since CPs may not perform as desired according to various measures, and have to be subsequently redesigned, actionable knowledge discovered from our models can be used as a feedback tool that helps in auditing and analyzing already enacted CPs, and can also provide a valuable reference for medical staff to redesign and optimize CPs continuously. -The discovered treatment patterns can be utilized to support clinical decisionmaking and aid clinical diagnosis.
For instance, we can analyze the characteristics of patient conditions for their demographics to aid physicians to create patientspecific CPs. It is also applicable to clinical decision support systems that recommend proper treatment behaviors matching with the specific patient conditions. This might guide physicians in CPs by giving recommendations on possible next steps based on the measurement of the target patient conditions and medical knowledge, which would be learned from completed clinical cases.
Although our results have been encouraging to date, the proposed approach could be further improved in a number of ways: -We could automatically infer the number of treatment patterns by extending the proposed probabilistic topic models to a nonparametric Bayesian model such as hierarchical Dirichlet processes (Whye Teh et al. 2004 ). In addition, for the proposed TPM, we could incorporate additional information (such as resources of radiological examinations, quantities and costs of medications, etc) other than treatment activities and their occurring time stamps into the model to allow us to analyze treatment behaviors at a very refined level. Note that EMRs might contain fruitful information of patient features and treatment behaviors, and thus it would be promising to exploit this data to provide health-care organizations with nontrivial knowledge to understand how treatment behaviors are currently being performed on patients, and improve actual practices in alignment with clinical objectives in CPs (Peleg et al. 2008; Ghattas et al. 2010 ). -In this study, the patient conditions of the discovered treatment patterns are generated using the data collected at the admission stage of CPs. However, the dynamic nature of patient conditions is often essential to treatment behaviors adopted in CPs. During the executions of CPs, patient conditions could be changed so as to influence physicians' diagnostic conclusions. To this end, the selection of treatment behaviors may depend on the time at which the selection is made. Besides, new evidence often becomes available at time-points, which could cause the vari-ant treatment behaviors as well. Apparently, by incorporating richer execution information into the proposed models to disclose the dynamic features of CPs, our method could be more intelligent. -This study proposes a probabilistic generative model to simultaneously capture the correlations between patient-specific information and treatment interventions from the heterogeneous medical records. However, the causal relationship and the the interaction between the two were not taken into consideration by the model. Causal analysis can be useful to clinical analysts to find out unexpected changes of patient status and thus appropriate treatment behaviors could be performed on patients in CPs. Association rule mining could be a possible choice to address this challenge (Wang et al. 2014) . As well, sequence pattern mining could also be used to classify and analyze interactions among treatment events in CPs . However, the interesting question that remains address the issues of how to design efficient algorithms for mining the causal relationships and the interactions among treatment events in CPs, as well as, how to explain the discovered causal relationships and the interactions in a maximum-informative manner. Much research is still needed to make such mining both effective and efficient.
Conclusion
In this paper, we present a new approach of discovering underlying treatment patterns from EMRs. In detail, a new probabilistic topic model is developed to link patient features and treatment behaviors together to mine treatment patterns hidden in EMRs. Experimental results on a collection of EMRs of unstable angina patients from the Chinese PLA general hospital demonstrate intrinsic patient characteristics and meaningful treatment patterns discovered by our models. The discovered treatment patterns have been evaluated by hospital managers and clinical experts at the Chinese PLA General hospital, who understand the beneficial effects of our study. They indicated that the discovered knowledge from EMRs support CP (re)design and improvement. Despite that, the proposed approach is not a tool for designing CPs, it is evident that a good understanding of the existing patient treatment processes is vital for any design and improvement effort (Huang et al. 2013a) . Since a large collection of EMRs becomes available in hospitals nowadays, they can be meaningfully used to derive nontrivial knowledge explaining treatment intentions and behaviors in CPs. Besides, discovered knowledge is not biased by perceptions, and is useful to confront with the man-made CP specifications. Thus, it might be effective in CP analysis and improvement.
Although our study reveals that the proposed approach is effective in discovering efficient patterns, there are even more complex analysis and evaluation tasks that need to be considered. In fact, our clinical collaborators from Chinese PLA general hospital have indicated that, even though our approach is efficient for mining precise and complete set of regular treatment patterns in CPs, there are still a number of infrequent behaviors that are missing in the discovered patterns. Note that many of these infrequent behaviors are correlated with the treatments of the comorbidities of patients, and thus need to be discovered and analyzed. From this perspective, the interesting questions that remain address the issues of how to design efficient algorithms for mining and detecting variants in CPs, as well as, how to explain these variants in a maximally-informative manner. Much research is still needed to make such mining both effective and efficient.
The issue of meaningful or secondary use of EMRs represents a promising and interesting research direction in health informatics. Our study indicates the feasibility of exploring EMRs to support CP-oriented and patient-specific clinical decision making. There are many potential applications of our work, such as a patient-specific treatment recommendation service in CPs, treatment behavior grouping and identification within the same therapy and treatment intention, and anomaly detection from normal treatment behaviors, etc. As for future work, we are planning to evaluate our approach with a larger scale of EMR collections, and address these tasks by exploiting the potential of the proposed approach, as a crucial advantage over traditional techniques for CP analysis and optimization.
In this appendix, we give the derivation of Eq. (11) P(f, v, a, t, z|α, β, γ , η, ι, g, k, x, y) = P(z|α)P(f|z, η)P(v|z, f, ι, g, k, x, y)P(a|z, β)P(t|z, a, γ )
For P(z|α), we have
For P(f|z, η), we have P(f|z, η) = P(f|Ψ, z)P(Ψ |η)dΨ α,η,ι,g,k,x,y) : i is a patient feature P(zd,i , pd,i .ad,i ,td,i 
